Understanding the hidden relations between pro- and anti-inflammatory cytokine genes in

bovine oviduct epithelium using a multilayer response surface method
Rasoul Kowsar'?", Behrooz Keshtegar®~, Akio Miyamoto?

'Department of Animal Science, College of Agriculture, Isfahan University of Technology,

Isfahan, 84156-83111, Iran.

*Graduate School of Animal and Food Hygiene, Obihiro University of Agriculture and Veterinary

Medicine, Obihiro, Hokkaido 080-8555, Japan.

Department of Civil Engineering, Faculty of Engineering, University of Zabol, P.B. 9861335-856, Zabol,

Iran.

* To whom correspondence should be addressed: Rasoul_kowsarzar@yahoo.com;

bkeshtegar@yahoo.com

Contents:

1. Supplementary Results

2. Supplementary Discussion

3. Supplementary Methods
3.1 The detailed description of the models.
3.2 The procedure of the calibration.
3.3 Akaike Information Criteria (AIC)

3.4 User-friendly codes employed for MLRSM scenario 2 in MATLAB.

3.5 Supplementary Table S1-S2


mailto:bkeshtegar@yahoo.com

1. Supplementary Results

The non-significant relationship among the candidate genes predicted by Akaike Information
Criterion (AIC). Akaike Information Criterion (AIC) discovered no significant relationship (P > 0.05)
between the mRNA expression of IL1B and that of IL10 and IL4 under basic or pathophysiological
conditions. Also, under physiological or pathophysiological + physiological conditions, the expression

data of IL1B had no significant relationship (P > 0.05) with TLR4 in BOECs culture (Table 2).

Using AIC analysis, we identified no significant relationship (P > 0.05) between TNFA mRNA
expression and (1) TLR4 mRNA expression under all experimental conditions and (2) 1L4 expression
under physiological, pathophysiological or pathophysiological + physiological conditions (Table 2).

AIC analysis showed no significant association (P > 0.05) between TLR4 mRNA expression and
(1) IL10 under all experimental conditions; (2) IL4 under basic, pathophysiological, or pathophysiological
+ physiological conditions; and (3) TNFA, 1L4, and IL10 expression under pathophysiological conditions.

The AIC revealed that the mMRNA expression data of IL4 had no significant relationship (P >
0.05) with TNFA expression under basic conditions or IL10 expression under physiological conditions.
There was no significant association between 1L4 and TLR4 mRNA expression under pathophysiological
or pathophysiological + physiological conditions (Table 2).

The AIC showed no significant relationships (P > 0.05) between the expression data of 1L10 and
IL4 or TLR4 under physiological, pathophysiological, or pathophysiological + physiological conditions

(Table 2).

2. Supplementary Discussion

In the present study, we investigated one linear (MLR) and two different nonlinear models (RSM and
MLRSM) to determine the best model that could fit the experimental data. Then, using the best-observed

model, we sought to find the gene that its expression data provided the best prediction for the expression



of other genes under various experimental conditions. We also examined the relationship between the

MRNA expression of a gene and the co-expression of other gene pairs.

The mathematical form of response surface (RSM) function is also simple. But, the second-order
terms of the input variables in this model may give more exact results, compared to the MLR. Because of
the higher-order relations among genes, the linear models, such as MLR, showed just the main effects of
genes but could not detect the nonlinearity among the genes®. Also, the MLR does not cater for
multicollinearity problem (multiple correlations)?. If the independent variables show a high correlation
with the main response and with each other, then multicollinearity problems will occur?. The RSM model
as a least-squares modeling-based technique considers the quadratic (or cubic) effects and complex
interactions between gene pairs'. So, the RSM can reduce the multicollinearity problem (based on the
present ordinary least squares (OLS) estimator that uses the transformed data as used in this study)®*°.

Thus, besides detecting the independent effect of variables over a response, RSM can detect the relations

among the variables®®.

We discovered that, the scenario 2 of MLRSM model had the highest correlation (d) and
goodness-of-fit (EF) and the lowest error (RMSE), compared to the MLR, RSM and MLRSM (scenarios 1
to 3). Also, the scatterplots of the predicted and experimental data confirmed a strong nonlinear
relationship among the candidate genes. Considering the scatterplots, scenario 2 showed a better
prediction and evaluated a proper coefficient for the input data points. Thus, the MLRSM scenario 2
outperformed the MLR, RSM, scenarios 1 and 3 of MLRSM in showing prediction accuracy. These
findings suggested the MLRSM scenario 2 was a robust model for detecting high-order nonlinear
relationships among genes. Scientific data show both linear and nonlinear responses to the physiological
or non-physiological conditions in biological events, such as gene-gene interactions”®°. Solvang et al.*
reported a linear relation among genes related to the metabolism. But, they found a nonlinear relationship
among genes involved in the immune system (for example, 1L2 signaling). Similarly, our results showed

a strong nonlinearity among the present immune-related genes. To the best of our knowledge, the



MLRSM model was used for the first time to detect the relations among genes. However, several previous
studies have applied the RSM model to examine the changes in gene expression under experimental

|12

conditions™. For example, Howard et al."* used the RSM model to determine gene-gene relationship

existing among the quantitative trait loci (QTLsS).

Next, in order to evaluate the prediction accuracy of the MLRSM scenario 2 as well as to explore
the main gene expression pattern, we input the scenario 2-predicted data into the nonlinear-based PCA®.
The nonlinear PCA showed a good association between each predicted data point and corresponding
actual data point of IL10, I1L4, TLR4, IL1B, and TNFA (RMSE values were low and ranged from 0.004 to
0.209 for these genes). Also, the nonlinear PCA showed that the mRNA expression of candidate genes
under experimental conditions (physiological, pathophysiological, or pathophysiological + physiological
conditions) was similarly predicted by the predictor (the MLRSM scenario 2). This suggested the
similarity of the gene expression patterns within samples obtained from the same experimental conditions,

implying a proper preparation and choice of BOECs samples™.

3. Supplementary Methods
3.1 The detailed description of the models.

Multiple-linear regression (MLR). To make this model easy to understand, we explain the
model with three input variables. In the following equation (Supplementary Eq. S1), g, to g; are the
gene expression data of genes (input variables), for example, IL10, IL4, and TNFA. The output or
predicted gene (G), such as IL1B, can be estimated in a linear format using the MLR model

(Supplementary Eq. S1):
GC=Ly+A0+P0:+ 503 (S1)

where g, to Szare the unknown coefficients.
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Response surface method (RSM).  To make the RSM model easy to understand, we explain this
model with three input variables. As, in the following equation (Supplementary Eq. S2), g, to g are the
MRNA expression data (input variables), for example, 1L10, 1L4, and TNFA. The output or predicted
target gene (G), such as IL1B, can be estimated in a nonlinear format using the RSM model

(Supplementary Eg. S2):

GC=Lo+bio+P20:+F393+ of + B 919, + 5139193 + P 95 +[539,93 + Fs3 9§ (S2)
Using the second-order basis polynomial function in the RSM model (Supplementary Eq. S2),
we can, therefore, improve the nonlinear relations in predicting complex problems, i.e., the predicted
target gene (G). Compared with the linear relation (Supplementary Eq. S1), the nonlinear formulation-
based second-order polynomial function (Supplementary Eq. S2) can provide a proper relationship for
estimating the predicted target gene (G). Because the RSM model comprised a one-step process, the
model forms a general relation between the input (g) and output (target gene) variables (G)™. This infers

the limits of RSM in dealing with many correlated responses and in estimating the prediction accuracy™.

Multi-layer response surface method (MLRSM).  To make this model (scenario 2) easy to
understand, we explain the two-step process of this model with three input variables. In the following
equation (Supplementary Eqg. S3), g; to gs were the expression data of input genes, for example, 1L10,
IL4, and TNFA (Note: in Fig. 1d, the input genes were shown as x; to X,). As mentioned before, the
model comprised two calibration processes. At the first, we calibrated the hidden layer (y; toys) of the
model using the input genes (x; to X3, Fig. 1d) which are equivalent to g; to gz in Supplementary Eq. S3
to Supplementary Eq. S5. The total number of the elements in the hidden layer (M) was calculated based

nl

(nN—S-)|NS| where ! is the

on the number of input genes (NS) and a total number of genes (n) as M =

factorial operator and NS <'n. For example, we calculated M = 4 for the scenario 1 where n =4 and NS =



n! 41

1(ie, M= - =
(n—NS)INS!  (3)!1!

=4); M = 6 for the scenario 2 where n =4 and NS = 2; and M = 4 for

the scenario 3 where n = 4 and NS = 3.
The first calibrating process was employed to predict the hidden layer elements (y) (Fig. 1d and
Fig. 2a). So, using the following nonlinear relations (Supplementary Eq. S3 to Supplementary Eq. S5)

and the input datasets (g; to gs), we first estimated each element of the hidden layer (y) in the scenario 2 of

MLRSM.

V1= Bo+ BiG1 + Palp + Bia0f + Bi201 Uy + P25 +C11 05 +C1201 93 +Cp10,07 +C003 (s3)
+ 0101 + 00y 95 + 010,07 + 0205 +€1107 +€150; 05 +€519,07 +€205

Yo = Bo+ B0y + BaUs + Bia0f + Bia01 U3 + Pz 05 +Cia0i +Ci20; 05 + 000,07 +Cp003 (s9)
+01307 +0150 03 + 010307 +0pp03 +€1107 +€120; G5 +€210301 +€503

Y3 = Fo+ B0, + Pols + P1a05 + S129,05 + B2203 +C1105 +€120,05 +Cp10592 +Cp003 (s5)

+01195 + dlzgzgg + d21939§ +d5,03 +€,07 + 612929?‘,1 + 9219393 +€03
Next, the output gene (G) was calibrated based on the handling calibrated dataset (the hidden

layer) (y1toys). So, the second calibrating process was utilized to predict the output gene expression (G)
(Fig. 1d and Fig. 2b). Using these estimated nonlinear forms of the elements (Supplementary Eq. S3 to
Supplementary Eq. S5) and the nonlinear polynomial basis functions (Supplementary Eq. S6), we can,
therefore, predict the expression of the output (target) gene (G).
G =fo+ By +BaYa + BaYs + BuYi + BiaYr Yo + Bias Vs + BazYs + BazYaVs + Baa¥3

+OYE 1Yy V3 +CaY1 V3 +CorYaVE +CooYa +Co3Y2 Y3 +CarYa Vi + 0¥ Y5 +CagY

4‘(111)/14 +doY; yg +di3Y; yg +d21y2yf +d22y§' 4‘(123}’2)’5> +d31y3yf +d32y3y§ +ds33/§1

5 4 4 4 5 4 4 4 5
TE11Y1 HEY1 Y2 T3 Y3 HE€x1YoY1 €Yo +E€x3Y,Y3 +E31Y3Y1 +E32Y3Y0 tE33Y)

(S6)

Using this relation (Supplementary Eq. S6), the output gene (G) was calibrated based on the nonlinear
predicted input data (the hidden layer y; toys) (Supplementary Eq. S3 to Supplementary Eg. S5). This
nonlinear form of the mathematical formulation (Supplementary Eq. S6) provided a highly nonlinear

relation compared to the linear format in Supplementary Eq. S1 and nonlinear basis second-order form



in Supplementary Eq. S2. As seen in Supplementary Eq. S3 to Supplementary Eq. S5, the five-order
polynomial basis functions were applied in the first-calibration procedure to get the hidden layer
elements. The calibrated input data (the hidden layer y; toys) provided a nonlinear relation between the
output gene (G) and the input gene (g; to gs). This type of modeling approach could separate the effect of
each element (y) which was calibrated using the actual input data (g). But, the MLR and RSM could not

offer such a conclusion in their calibrated procedures®™.

3.2 The procedure of the calibration.

The main effort of the gene calibration process (Supplementary Eq. S1, Supplementary Eq. S2
and Supplementary Eq. S3 to Supplementary Eq. S6) was to find the unknown coefficients that best fit
the mathematical model on the database. We used the ordinary least squares (OLS) to determine the
unknown coefficients of the polynomial functions in Supplementary Eq. S1, Supplementary Eq. S2
and Supplementary Eq. S3 to Supplementary Eq. S6. The errors between the predicted data of gene

(G) and the estimated polynomial basis function ( f (x) = p(x)8) was obtained using the following

relation (Supplementary Eq. S7)*":

& =[G p(x)pI" [G- p(x)B)] (S7)
where T is the transpose operator. f is the vector of unknown coefficients. p(x) is the polynomial basis

functions obtained using iy, dataset in which p(x); =[1, 94, 95, 93]; for MLR by Supplementary Eq. S1,
P(x) =[L 91, 92, 93, 9F, 919+ 9195, 95, 9,03, 931; for RSM by Supplementary Eq. S2,

and p(x); =[L, 9;. 9,.97,91 9,905,979, 95, 9,07, 93,91, 9, 95, 9,97 93,97, 0, 93, 9,97, 93 1; for
the first element of the hidden layer y; by Supplementary Eq. S3, etc. The unknown coefficients can be
directly approximated by minimizing the error and using the following relation (Supplementary Eq.

S8)*:



T -1 T
B=1Ip(x) p(x)] " [p(x) G] (S8).
Thus, the calibrated data can be obtained by approximating the unknown coefficients in

Supplementary Eq. S8 for the dataset x; using the following relation (Supplementary Eq. S9):

G =p(x)(P () p*)] P (x)' G]). (S9)

The calibration process of the MLR, RSM, and MLRSM models was done using the same simple
procedure; while, the high-order polynomial basis function was based on a two-step process in
MLRSM and provided high-performance flexibility for the calibration of genes. Thus, the hidden
layer-based dataset of genes can show the effect of a dataset on detection of the calibrated genes using
a highly nonlinear relation. The best agreement of the input dataset of genes can be extracted by this
type of modeling approach in the calibration process. So, the nonlinear correlations among the genes
can be evaluated more accurately based on the nonlinear form of the polynomial basis function

compared with the traditional RSM and MLR models.

3.3 Akaike Information Criteria (AIC)
AIC, as an alternative criterion, was utilized to select the effective input genes on the target gene. The
null hypothesis of an input gene can be examined based on P-values and 44/C by Murtaugh’s relation as

follows™:

P=Pr(;(,f>AAIC+2k):>AAIC=F};zl(l—P)—Z(k) (S10)
k

Where, P is the P-value for the null hypothesis of input genes which indicated removing all set of the

hidden elements which are connected to the null input gene. k is the number of null genes and ;(lf is chi-
square distribution function where k is degrees of freedom obtained 1.84 for k=1 and P=0.05". AAIC is
the differences in Akaike’s information criterion based on all input genes (RMSE;) with (n)-variable (i.e.,
3) and null gene (RMSE,) with (n-1)-variable (i.e., 3) where RMSE is root mean square errors as

AAIC = 4Ln(RMSE,) - 3Ln(RMSE,) %, and Ln is the logarithmic operator. If AAIC is less than the chi-



square statistics (e.g. 1.84 for k=1 and P=0.05) then the input gene ith can be removed from the input data

set for modeling target gene.

3.4 User-friendly codes employed for MLRSM scenario 2 in MATLAB.
We implemented our approach in MATLAB using approximately 120 lines of code as shown in
the following lines.

clc
clear all
load data % data of genes for calibration
NG=1 % number of target gene
%% data in input and output basis genes
for i=1:size(X,2)
if i~=gene
X(:,K)=X(,0);
else
y(:,1)=X(:,gene);
end
end
nb=size(x,1);
% give the pattern of genes for the hidden elements
in=[12
13
14
23
24
34];
Qo HHHHIH I T
Y=y(1:nb,1);
for j=1:size(in,1)
for i=1:size(in,2)
S(:,1)=xx(1:nb,in(j,i));
end
clear modell
model1=RSM(S,Y);% calibrate in the first stage to give the hidden elements
aa(:,j)=modell,;
X1(:,j)=PRSM(S,model1);% predicted handling data for target gene
end
model=RSM(X1,Y); %calibrate the target gene using hidden handling data
Yp=PRSM(X1,model); %predicted the target gene
OotHHHHHHHHHHHHHHHHHHHHHHHISUDroutine RSM#HHEHIHIHHHEHEHE

function [a]=RSM(X,y)
np=size(x,1);
nv=size(x,2);

for p=1:np



m=1;
for i=1:nv+1
if m==1
PX(p,m)=1;
else
PX(p,m)=x(p,i-1);
end
m=m+1;
end
if or>=2
for i=1:nv
for j=i:nv
PX(p,m)=x(p.,i)*x(p.j);
m=m+1;
end
end
if or>=3
for i=1:nv
for j=1:nv
PX(p,m)=x(p,))"2*X(p.});
m=m+1;
end
end
if or>=4
for i=1:nv
for j=1:nv
PX(p,m)=x(p,1)"3*x(p.});
m=m-+1;
end
end
end
end
end
end
end
a=(PX"*PX)"-1*(PX'*y);
end
ObttHHiHHHIHHEHHHHEH T SUDbroutine PRMS #HHHEHHEHHEHIHHEHEHHEHH

function Ev=PRSM(xv,a)
npv=size(xv,1);
nv=size(xv,2);
for p=1:npv
m=1;
for i=1:nv+1
if m==1
PXv(p,m)=1,;
else
PXv(p,m)=xv(p,i-1);
end
m=m+1;



end
if or>=2
for i=1:nv
for j=i:nv
PXv(p,m)=xv(p,i)*xv(p,);
m=m-+1;
end
end
if or>=3
fori=1:nv
for j=1:nv
PXv(p,m)=xv(p,i)"2*xv(pj);
m=m-+1;
end
end
if or>=4
fori=1:nv
for j=1:nv
PXv(p,m)=xv(p,i)"3*xv(p,j);
m=m+1;
end
end
end
end
end
end
end
Ev=PXv*a;
end



3.5 Supplementary Tables

Xmax/Xmin
Genes Xinean Sy Cv Csx Knin Kinax ratio
IL1B 241 E-3 | 4.93E-3 2.056 2.089 4.52E-8 0.0196 4.34E+5
TNFA 742 E-3 | 1.09E-2 1.468 2.626 4.26E-5 0.0547 1.28E+3
TLR4 5.93E-4 4.23E-4 0.713 0.997 1.66E-6 0.0021 1.27E+3
IL10 4.30E-5 8.57E-5 1.991 3.107 2.31E-10 4.92E-4 2.13E+6
IL4 4.11E-5 3.57E-5 0.870 1.698 1.012E-7 2.13E-4 2.10E+3

Supplementary Table S1. Statistical analysis of the mMRNA expression datasets. Xean is the mean

(average); Sy is the standard deviation of variables; Cy, is the coefficient of variations as Xnean/Sx; Csx IS

the skewness of the data; X, and Xmax are respectively the maximum and the minimum of the data points.




Product size

Gene Sequence of nucleotide (5'-3") * Accession No. Tm (C) (bp)

TLR4 F CTTGCGTACAGGTTGTTCCTAA NM_174198.6 56 153
R CTGGGAAGCTGGAGAAGTTATG

IL1B F ATGAAGAGCTGCATCCAACA NM_174093.1 56 196
R ATGGAAGACATGTGCGTAGG

IL4 F GCCACACGTGCTTGAACAAA NM_173921.2 56 63
R TGCTTGCCAAGCTGTTGAGA

IL10 F TTCTGCCCTGCGAAAACAA NM_174088.1 58 85
R TCTCTTGGAGCTCACTGAAGACTCT

TNFA F TGACGGGCTTTACCTCATCT NM_173966.3 56 221
R TGATGGCAGACAGGATGTTG

ACTB F CCAAGGCCAACCGTGAGAAAAT K00622 58 256

R CCACATTCCGTGAGGATCTTCA

Supplementary Table 2. Bovine primers used in real-time PCR.
* F, forward; R, reverse
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